Background: Metagenomics is revolutionizing the study of microorganisms and their 23 involvement in biological, biomedical, and geochemical processes, allowing us to investigate 24 by direct sequencing a tremendous diversity of organisms without the need for prior cultivation.
Performance evaluation on benchmark data 144
We evaluated MetaEuk using seven annotated unicellular eukaryotic organisms obtained from 145 the NCBI's genome assembly database [35] (Table 1 ). These organisms are varied in terms 146 of their phylogenetic group, genome size, number of annotated proteins, fraction of multi-exon 147 genes, and assembly quality. MetaEuk was run on the assembled scaffolds of each of these 148 organisms against the UniRef90 [36] database with an average run time of 42 minutes per 149 genome, or 0.5 Mbp/min, on a server with two 8-core with Intel Xeon E5-2640v3 CPUs and 150 128 GB RAM ( Table 1 ). The NCBI data included the scaffold coordinates of the annotated 151 protein-coding genes and their exons. In the following sections we used this information to 
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and sensitivity decreased with the sequence identity threshold (Figure 2A ). However, even at 177 low thresholds (40% -60%), a significant fraction of the annotated proteins were discovered. predictions. In addition, we found that the fraction of multi-exon MetaEuk predictions was 187 similar to that presented in Table 1 (average difference: 10%, Supp. Figure 1A ) and that single-188 exon predictions tended to have longer exons than multi-exon predictions (Supp. Figure 1B ).
189
An additional measure of completeness of MetaEuk predictions is the coverage of the target
190
UniRef90 protein based on which the prediction was made. We therefore aligned each 191 predicted MetaEuk protein to its target and found that on average, > 83% of predictions 192 covered > 90% of their target (Supp. Figure 2 ).
194
Precision
195
MetaEuk predictions that were mapped to annotated proteins were considered as true 196 predictions. We first measured the precision of MetaEuk by using the NCBI annotations as 197 gold standard and regarded all predictions in the base set that were not mapped to an 198 annotated protein (8% -35%, Supp. Figure 2 ) as false. We computed precision-recall curves 199 by treating the predictions' E-values as a classifying score. We found good separation (AUC-
200
PR > 0.7 in all cases) between predictions that mapped to annotated proteins and the rest 201 ( Figure 2C ). However, a prediction that does not map to a known protein is not necessarily annotation-free approach, we ran standard MetaEuk on the inverted sequences of the six 208 9 frame-translated putative fragments. Each prediction based on these inverted sequences can 209 therefore be considered a false positive. We applied the same E-value cutoff for reporting 210 predictions based on the original sequence data and based on the inverted set. For all 211 organisms, the total number of false positive predictions produced by this approach was low 212 (0 -12), indicating very high precision (> 99.9%).
214
Redundancy reduction
215
MetaEuk's redundancy reduction procedure divides gene calls into disjoint clusters and retains 216 a representative call as gene prediction for each cluster (see Methods). This reduces the 217 number of potential protein-coding genes that need to be inspected. E.g., for S. pombe,
218
MetaEuk produced over 1,100,000 calls that were reduced to a total of 5,564 predictions in 219 the base set. A full reduction of redundancy is achieved when no two predictions correspond 220 to same protein-coding gene. We thus identified cases in which two or more MetaEuk 221 predictions were mapped to the same protein-coding gene. We found that for all benchmark 222 organisms, redundancy is greatly reduced, as more than 99% of the annotated protein-coding 223 genes in the benchmark scaffolds are only predicted once ( Figure 2D ). Figure 3A ).
246
Effect of contig length
247
Assembling metagenomic reads often produces contigs that are much shorter than the 248 scaffolds of the organisms we used for benchmarking MetaEuk (Table 1) . We thus aimed to 249 assess the effect of analyzing shorter genomic stretches by artificially dividing each of the 250 scaffolds from Table 1 into shorter contigs following a typical length distribution with a 251 minimum of 5kbp in length and a median of 6.8kbp (see Methods). Any protein-coding gene 252 that spans more than one contig is expected to result in incomplete MetaEuk predictions.
253
Indeed, while the sensitivity measured by the mapping to annotated proteins remained similar 254 to that recorded on the original scaffolds (Supp. Figure 4A ), we found that more predictions 255 were partial and covered fewer annotated exons (Supp. Figure 4B ) as well as an increase of 256 up to 15% in annotated genes being split into several MetaEuk predictions (Supp. Figure 4D ).
Eukaryotic protein-coding genes in the ocean 258
To date, little is known about the biological activities of eukaryotes in the oceans [2,37]. We 259 aimed to use MetaEuk to discover eukaryotic protein-coding genes in the Tara Oceans 260 metagenomic dataset [20] . We first used MEGAHIT [38] to assemble all 912 samples of this 261 project. We retained 1,351,204 contigs of at least 5kbp in length that were classified as 
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Oceans contigs. Due to sequence similarities among the assembled contigs, some of these 12 proteins are identical to each other, leaving a total of 6,158,526 unique proteins. We examined 282 the distribution of predictions per contig, the number of putative exons in each prediction and 283 the length of putative exons in single-exon and multi-exon predictions. We found that the 284 number of predictions increases as a function of the contig length ( Figure 4A ), about 24% of 285 predictions had more than one putative exon ( Figure 4B ) and multi-exon predictions tend to 286 have shorter putative exons than single-exon predictions (4C). We analyzed the contribution 287 of each reference dataset to the profiles based on which the MetaEuk predictions were made.
288
MERC, MMETSP and Uniclust50 contributed 77.4%, 5.7% and 4.3% of the predictions, 289 respectively. The rest of the predictions were based on mixed-dataset clusters (Supp. Figure   290 5). We then used MMseqs2 to query the MetaEuk predicted proteins against their targets.
291
Over 33% of the MetaEuk predictions have less than 60% sequence identity to their MERC, 292 MMETSP or Uniclust50 target ( Figure 5A ). Finally, we found that 70% of the MetaEuk 293 predicted proteins covered at least 80% of their reference target ( Figure 5B ). 
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This allowed us to annotate 92% of the contigs for which MetaEuk produced predictions (87% 317 of all input contigs). We found that 82% of the contigs were assigned to the domain Eukaryota 318 and 9% to non-eukaryotes, mostly bacteria ( Figure 6A ). We then examined the assigned 
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MetaEuk is not designed to recover accurate splice sites, but rather to identify the protein-370 coding parts within exons. Indeed, we showed that MetaEuk predictions on the benchmark 371 covered the majority (77% -91%) of exons in annotated proteins. Since MetaEuk relies on 372 local alignment at the amino acid level, it could potentially report pseudogenes, which still bear 373 sequence similarity to reference proteins. However, we found that the majority of benchmark 374 predictions (65% -92%) mapped to NCBI annotated protein-coding genes, while the rest 375 could be well separated from those that mapped by their E-values (AUC-PR > 0.7).
376
Furthermore, unmapped predictions can reflect a missing annotation or post-hoc exclusion 377 criteria (e.g., removal of annotations that overlap a better scoring one on the opposite strand).
378
We therefore measured precision independently of annotations by running standard MetaEuk 379 on the inverted sequences of the putative protein fragments extracted from the contigs. By 380 using this annotation-free approach, we showed that MetaEuk's precision was greater than 
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These in turn, directly and negatively impact MetaEuk. Shorter contigs limit its ability to 390 discover multi-exon protein-coding genes as it searches for them within a contig. In addition, 391 predictions on contig edges can be partial, which is more likely to happen in a highly 392 fragmented assembly. By dividing each of the benchmark scaffolds to contigs whose lengths 393 were drawn at random based on the length distribution of the Tara Ocean contigs, we showed 394 that while MetaEuk retains its overall sensitivity to detect protein coding genes even under 395 conditions of increasing evolutionary distance between the query organism and the target 396 reference database, the completeness of its predictions is reduced. We thus expect MetaEuk 397 to benefit from future improvements in assembly algorithms, higher sequencing coverage, and 398 long-read sequencing technology [47] [48] [49] [50] .
399
In addition to developing MetaEuk, we generated two useful resources for the analysis of 400 eukaryotes as part of this study. The first is the comprehensive protein profile database, which 401 was computed using protein sequences from three sources: MERC, MMETSP and Uniclust50.
402
With ~88 million records, it is the largest profile database focused on eukaryotes to date. Since
403
MERC was assembled from the Tara Oceans metatranscriptomic data, we expected it to be 404 a valuable resource for discovering protein-coding genes in the same environment. Indeed,
405
we found that the majority of MetaEuk predictions (77%) were based on MERC protein 406 profiles. Furthermore, the high fraction of MERC-based predictions that could not be assigned 407 a taxonomic label (63%) demonstrates the uniqueness of this resource.
408
The second resource is the MetaEuk marine protein collection, which is available on our 409 search webserver (https://search.mmseqs.com/search) for easy investigation [51]. Using a 410 phylogenetic marker protein, we showed that this collection contains proteins spanning major 411 eukaryotic lineages, including supergroups with very few available genomes. Over 33% of 412 these proteins have less than 60% sequence identity to the representative reference proteins 413 that were used to predict them, indicating their diversity with respect to the reference database. 
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Each is associated with four coordinates: the amino-acid position on from which the match 452 to starts ( ) and ends ( ); the nucleotide position on the contig from which the 453 translation of starts ( ) and ends ( ). We require a match of at least 10 amino acids (a 454 minimal exon length). We consider putative exons and with < as compatible on 455 the plus strand if:
456
(1) their order on the contig is the same as on the target: < ;
457
(2) the distance between them on the contig is at least the length of a minimal intron but 458 not more than the length of a maximal intron: 15 ≤ ( − ) ≤ 10,000;
459
(3) their matches to should not overlap. In practice we allow for a short overlap to 460 account for alignment errors: ( − ) ≥ −10.
461
In case and are on the negative strand, we modify conditions (1) and (2) accordingly:
462
(1) > ;
Since the adjustment of conditions to the minus strand is straightforward, in the interest of 465 brevity we focus solely on the plus strand in the following text.
466
We 
481
An E-value is the expected number of matches above a given bit-score threshold. Since for 482 each contig, at most one gene call is reported per strand and target in the reference database, 
Mapping benchmark predictions to annotated proteins 549
For each annotated protein, we listed the contig start and end coordinates of the coding part 550 (CDS) of each of its exons. The lowest and highest of these coordinates were considered as 551 the boundaries of the annotated protein, and the stretch between them as its "global" contig 552 length. Similarly, we listed these coordinates and computed the boundaries and global contig 553 length for each MetaEuk prediction. A MetaEuk prediction was globally mapped to an 554 annotated protein if the overlap computed based on their boundaries was at least 80% of the 555 global contig length of either of them and if, in addition, the alignment of their protein 556 23 sequences mainly consisted of identical amino acids or gaps (i.e., less than 10% mismatches).
557
These criteria allow mapping MetaEuk predictions to an annotated protein, even if they miss 558 some of its exons. Next, we computed the exon level mapping for all globally mapped pairs of 559 MetaEuk predictions and annotated proteins. To that end, we compared their lists of exon 560 contig coordinates. If an exon predicted by MetaEuk covered at least 80% of the contig length 561 of an annotated protein's exon, we considered the annotated exon as "covered" by the 562 MetaEuk prediction.
564

Generating typical metagenomic contig lengths 565
In order to evaluate MetaEuk's performance on contigs with a length distribution typical for 566 assemblies from metagenomic samples, we recorded the lengths of the assembled contigs 567 used for the analysis described in the "Tara Oceans dataset" section. The 1,351,204 contigs 568 had a minimal length of 5,002 bps, 1 st quartile of 5,661 bps, median of 6,763 bps, 3 rd quartile 569 of 9,020 bps and a maximal length of 1,524,677 bps. We divided each annotated scaffold into 570 contigs of lengths that were randomly sampled from these recorded lengths. This resulted in 571 1,392, 5,061, 1,816, 2,095, 80, 3,153 and 3,273 contigs for S. pombe, A. castellanii,
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Phytomonas sp. isolate EM1, nucleomorph of L. oceanica, P. tricornutum, and A. nidulans, 573 respectively. MetaEuk was run on these contigs in the same way as on the original scaffolds.
574
Since each of the new contigs corresponded to specific locations on the original scaffolds, we 575 could carry out all benchmark assessments, which relied on mapping between MetaEuk 576 predictions and annotated proteins. 
